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1.

Introduction
The Efficient Market Hypothesis (EMH) in its weak form rules out the possibility of abnormal systematic profits over and above transaction costs and risk premia, as prices should fully reflect available information (see Fama, 1970) . The implication is that stock prices should follow a random walk process, which implies unpredictable returns (see Summers, 1986) . Therefore, a finding of mean reversion in stock prices is seen as inconsistent with equilibrium asset pricing models (see, e.g., Poterba and Summers, 1988 and Fama and French, 1988) . A large number of studies have been carried out to establish whether prices are indeed I(1) and, consequently, stock market returns I(0) series, although business cycle variation and short-range dependence might also lead to a rejection of long memory in stock prices (see Lo, 1991) . However, as we argued in Caporale and Gil-Alana (2002) , the assumptions imposed by standard unit root tests might be too restrictive, and the possibility of fractional orders of integration with a slow rate of decay should be considered. Therefore that study performed tests allowing for fractional alternatives, and found that US real stock returns are close to being I(0) (note that if shocks are weakly autocorrelated, markets will not be efficient). Fractional integration models (at the long run or zero frequency) have also been used for inflation and interest rates (see, e.g., Shea, 1991; Backus and Zhin, 1993; Hassler and Wolters, 1995; Baillie et al., 1996, etc.) .
A subsequent contribution (see Caporale and Gil-Alana, 2007 ) decomposed the stochastic process followed by US stock prices into a long-run component described by the fractional differencing parameter (d) and a short-run (ARMA) structure. Finally, in Caporale and Gil-Alana (2008) we introduced a more general model which, instead of considering exclusively the component affecting the long-run or zero frequency, also takes into account the cyclical structure. Specifically, a procedure was applied which allows to test simultaneously for unit roots with possibly fractional orders of integration at both the zero and the cyclical frequencies. Modelling simultaneously the zero and the cyclical frequencies can solve at least to some extent the problem of misspecification that might arise with respect to these two frequencies.
However, the fractional differencing parameter may be very sensitive to the data frequency. This is the issue investigated in the present study by using high frequency data on the British pound-US dollar spot exchange rate collected every 1, 2, 3, 5, and 10 minutes. As in Caporale and Gil-Alana (2008) , we start the analysis using a long memory model for both the zero and cyclical frequencies; however, since the evidence clearly suggested orders of integration close to zero for the cyclical frequencies, we then focus exclusively on the long run or zero frequency.
The layout of the paper is as follows. Section 2 describes the econometric methodology used. Section 3 provides details of the data and discusses the empirical results. Section 4 summarises the main findings and offers some concluding remarks.
Methodology
There are two definitions of long memory, one in the frequency domain and the other in the time domain. Let us consider a zero-mean covariance stationary process { ,
The time domain definition of long memory states that:
Assuming that x t has an absolutely continuous spectral distribution, so that it has a spectral density function of the following type:
according to the frequency domain definition of long memory the spectral density function is unbounded at some frequency in the interval [ π , 0 ).
Most of the existing empirical literature considers the case when the singularity or pole in the spectrum occurs at the zero frequency. This is the standard case of models of the form:
(1) with d > 0, where L is the lag-operator ( ) and is , being defined as a covariance stationary process with a spectral density function that is positive and finite at any frequency. This includes a wide range of model specifications such as the white noise, the stationary autoregression (AR), moving average (MA), stationary ARMA etc.
The I(d) models of the form given by equation (1) were introduced by Granger (1980, 1981) , Granger and Joyeux (1980) and Hosking (1981) and since then have been widely employed to describe the behaviour of many economic time series (see, e.g., Diebold and Rudebusch, 1989; Sowell, 1992; Gil-Alana and Robinson, 1997; etc.) .
Note that the parameter d plays a crucial role in describing the degree of dependence of the series. Specifically, if d = 0 in (1), x t = u t , and the series is I(0), potentially including ARMA structures. If d belongs to the interval (0, 0.5), the series is still covariance stationary but the autocorrelations take longer to disappear than in the I(0) case. If d is in the interval [0.5, 1), the series is no longer covariance stationary; however, it is still mean-reverting with shocks affecting it disappearing in the long run. Finally, if d ≥ 1 the series is nonstationary and non-mean-reverting.
In this paper we analyse the long memory (fractional integration) property of high frequency financial data, noting that the fractional differencing parameter can change substantially depending on the data frequency employed. The methodology employed here to estimate the fractional differencing parameter is based on the Whittle function in the frequency domain (Dahlhaus, 1989) , as well as a testing procedure developed by Robinson (1994) allowing for any real value of d in I(d) models. The latter is a Lagrange Multiplier (LM) procedure which is the most efficient one in the context of fractional integration. It tests the null hypothesis H o : d = d o for any real value d o in (1), and given the fact that the test statistic follows a standard (normal) limit distribution it is possible to construct confidence bands for the non-rejection values. 1
Data and empirical results
The data used for the analysis are taken from Reuters, and are intraday data for several days at the 1, 2, 3, 5, 10-minute frequency. Specifically, the series whose properties are being investigated is the nominal exchange rate of the British pound vis-à-vis the US dollar. however, the presence of some significant values even at lags far away from zero might indicate weak autocorrelation and/or fractional integration.
[Insert Figures 1 -4 about here]
First, we estimate the value of d for the four series at the highest frequency (i.e., with data collected each minute). For this purpose we consider the following model:
where y t is the time series observed, α and β are the deterministic terms (an intercept and a linear time trend respectively), and x t is assumed to be I(d), where d can be any real number. Different assumptions will be made about the error term u t .
[Insert Table 1 about here] Table 1 displays the results of the Whittle estimates of d along with the 95% confidence interval of the non-rejection values according to Robinson's (1994) parametric approach. The error term u t is assumed to be a white noise in Table 1a , an AR(1) process in Table 1b , whilst it is specified using the exponential spectral model of Bloomfield (1973) in Table 1c . This is a non-parametric approach to modelling I (0) terms that produces autocorrelations decaying exponentially as in the AR(MA) case. Table 1 shows the results of the estimated values of d, for the three standard cases of no regressors (i.e., α = β = 0 in (2)), an intercept (α unknown and β = 0), and an intercept with a linear time trend (α and β unknown). Starting with the case of white noise errors (Table 1a) , it can be seen that for "Open" and "Last" the estimates are slightly below 1, though the unit root null cannot be rejected in any case. However, for "High" and "Low" the unit root hypothesis is rejected in favour of higher degrees of integration in the cases of an intercept and an intercept with a linear time trend. When allowing autocorrelation in the form of an AR(1) process (in Table 1b ), the results vary depending on the inclusion or not of deterministic terms. Specifically, if no regressors are included in the regression model, d is found to be strictly higher than 1 for all four series; however, when including deterministic terms, the unit root null is almost never rejected. The only exception is "High" with a linear trend, when the estimated value of d is found to be 0.936, and the interval excludes the unit root in favour of mean reversion. When adopting the more general Bloomfield specification (Table 1c) , the unit root null hypothesis is never rejected.
[Insert Figures 5 and 6 about here]
Next we focus on the variance of the return series and examine the squared and absolute returns, which are used as proxies for volatility. These two measures have been widely employed in the financial literature to measure volatility. 2 Plots of the absolute return series are displayed in Figure 5 , while Figure 6 shows the squared returns.
[Insert Tables 2 and 3 about here]
Tables 2 and 3 report the estimates of d for the absolute and squared returns respectively under the assumption that the error term is white noise. Very similar results
were obtained imposing weakly autocorrelated errors. The estimates are significantly positive in all cases, the values ranging between 0.142 ("Last" with an intercept) and 0.162 ("High" with no regressors) in case of the absolute returns, and between 0.096 ("Low" with a linear trend) and 0.109 ("Last" with an intercept) for the squared returns.
The results presented so far are consistent with those reported in the literature for lower frequency data, that is, the exchange rates appear to be I(1) implying that returns are I(0), and the associated volatility is I(d) with a positive and small value of d.
In the context of high frequency data, it is interesting to investigate if the same result holds as the distance between observations increases. For this purpose we examine again the long memory property of the same variables but now using series which are collected every 2, 3, 5 and 10 minutes respectively.
2 Absolute returns were employed among others by Ding et al. (1993) , Granger and Ding (1996) , Bollerslev and Wright (2000) , Gil-Alana (2005), Cavalcante and Assaf (2004), Sibbertsen (2004) and Cotter (2005) , whereas squared returns were used in Lobato and Savin (1998) , Gil-Alana (2003), Cavalcante and Assaf (2004) and Cotter (2005) .
[Insert Table 4 about here] Table 4 displays the results using these lower frequencies. Starting with data collected every 2 minutes (see Table 4a ), it can be seen that the unit root null is almost never rejected. The only two exceptions are "Low" with an intercept, and with an intercept and a linear trend, where d is strictly above 1. Focusing now on the data collected every 3 minutes (Table 4b) , it can be seen that the estimated values of d are slightly smaller, and the unit root null hypothesis is never rejected. In general the estimates of d are smaller by about 0.020 compared with those reported in Table 4a . Table 4c concerns the data collected every 5 minutes. Once more the values are smaller than in previous tables, and the same happens in Table 4d which concerns data collected every 10 minutes. In this case, even values which are strictly smaller than 1 are found, implying a small degree of mean-reverting behaviour.
[Insert Tables 5 and 6 about here]
Tables 5 and 6 display the estimates of d for the absolute and squared returns series respectively, again assuming white noise errors. The results here are slightly more ambiguous as there is no monotonic decrease in the value of d as the time distance between the observations increases. For example, in the two cases of absolute and squared returns the highest values for "Last" occur for data collected every 3 minutes, and for "High" and "Low" for data collected every 5 minutes. This lack of a relationship between data frequency and the order of integration in the volatility processes is also found in the case of autocorrelated errors.
Finally, we employ a semiparametric method to estimate the values of d for the series in levels. Therefore, no functional form is required for the error term. We employ here a procedure developed by Robinson (1995) . This method is essentially a local 'Whittle estimator' in the frequency domain, which uses a band of frequencies that degenerates to zero. The estimator is implicitly defined by: Robinson (1995) proved that:
[Insert Figures 7 -10 about here]
The results based on the above approach are displayed in Figures 7 -10 . It can be seen that the values are similar for the four series. Along with the estimates we also present the 95% confidence band corresponding to the I(1) hypothesis. We display the estimates for a range of values of the bandwidth parameter m. The highest estimates correspond to the highest frequency, while the lowest ones correspond to the series with data collected every 10 minutes.
Conclusions
Despite the existence of a very extensive literature, there is still lack of consensus on what is the most appropriate model specification for many financial series. For instance, whether asset returns of asset prices are predictable or not is still controversial: the efficiency market hypothesis suggests that they should follow a random walk (see Fama, 1970) , but mean reversion is often found (see, e.g., Poterba and Summers, 1988) .
More recently, it has become clear that it is essential to consider the possibility of fractional integration in order to analyse the long-memory properties and to allow for a much richer dynamic specification. Various models have been suggested, increasingly general (see, e.g., Caporale and Gil-Alana, 2002 , 2007 . However, a potentially crucial issue which has been overlooked is the extent to which the fractional differencing parameter might be sensitive to the data frequency. This has been analysed in the present paper by using high frequency data on the British pound-US dollar spot exchange rate. In brief, we find evidence that a lower degree of integration is associated with lower data frequencies. In particular, when the data are collected every 10 minutes there are several cases with values of d strictly smaller than 1, implying mean-reverting behaviour. This holds for all four series examined, namely Open, High, Low and Last observations for the British pound/US dollar spot exchange rate.
It might be asked whether the lower degrees of dependence estimated for the lower frequencies is the result of small sample bias. However, it should be noted that even at the lowest data frequencies the sample size is large enough to justify the estimation of a fractional integration model. Other approaches could be applied to these and other high frequency data such as the one suggested by Ohanissian et al. (2008) in their study on fractional integration, structural breaks and data frequency. 
Figure 1: Series in levels
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